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Empirical research shows that stock volatilities and correlations between markets rise more after
negative shocks than after positive returns shocks of the same size. We measure the importance
of these asymmetric e⁄ects for mean-variance investors holding portfolios of international eq-
uities who use dynamic conditional covariance forecasts to reweight their portfolios. Portfolio
weights are computed using ex ante predictions from symmetric GARCH DCC and asymmetric
GJR ADCC models, and a spectrum of expected returns. Data are weekly returns to equity
price indices for the USA, Japan, UK and Australia. We ￿nd that the majority of realised port-
folio standard deviations are less when we reweight using the asymmetric covariance model.
Reductions in portfolio risk are signi￿cant according to Diebold-Mariano tests. Investors who
are moderately risk averse and have longer rebalancing horizons bene￿t more from the asym-
metric model than less risk averse, shorter-horizon investors, and would be prepared to pay up
to 107 basis points annually to use it instead of the symmetric model. Bene￿ts are greater for
investors holding US equities.1 Introduction
For some time researchers have been aware of the tendency of equity market variances to rise
more after bad news than after good news. Recent studies have also documented similar re-
sponses in correlations. Not only do individual stock market volatilities rise more after negative
return shocks than after positive shocks of the same size, but correlations between interna-
tional markets also increase more during downturns than during upturns. Globalisation may
have exacerbated this e⁄ect, with asymmetric co-movements intensifying as international ￿nan-
cial markets have become more integrated. Asymmetries in volatilities may present problems
to international investors, ￿rstly because symmetric measures of covariance may underestimate
portfolio risk in such situations, and secondly because if depressed markets are also more volatile
and correlated, international investors have limited ability to diversify.
From an investor￿ s viewpoint, the central question arising from this research is whether
volatility predictions which distinguish between negative and positive shocks can improve risk-
adjusted portfolio returns. If asymmetric e⁄ects are small or insigni￿cant, then simpler sym-
metric models can be used for forecasting and portfolio allocation without cost.
In this study we aim to measure the costs incurred by international equity investors when
they ignore the sign of returns shocks. We measure and test for any increase in realised portfolio
risk that arises when we impose symmetry on dynamic covariance forecasts. We adapt two new
methods to test this proposition, combining the asymmetric conditional correlation modelling
(ADCC) of Cappiello, Engle and Sheppard (2004) with the portfolio allocation method of Engle
and Colacito (2004). To our knowledge, no other studies have attempted to measure this impact
on international mean-variance investors using these new methodologies.
Results suggest that asymmetries will matter to international equity investors, particularly
at longer horizons and for higher levels of risk aversion. We ￿nd that dynamic conditional
covariance predictions that are sensitive to the sign of returns shocks do reduce portfolio variance
in all cases at a ￿ve-week rebalancing horizon, and in four of six cases at a one-week rebalancing
horizon. We estimate that investors with moderate risk aversion would pay up to 107 basis
points annually to switch from a symmetric risk model to an asymmetric risk model. But less
risk averse investors with shorter rebalancing horizons may not make the switch.
We construct three-asset, mean-variance portfolios made up of two equity market returns
and the risk-free asset. Data are weekly returns to the major equity price indices for USA
1(S&P 500), Japan ( NIKKEI 225), UK (FTSE All Share) and Australia (All Ordinaries), sam-
pling from 22 October 1971 to 1 April 2005. This gives us six pairwise combinations of equity
markets. Of the total 1746 observations, we reserve the ￿nal 200 observations for forecasting
and testing, and compute optimal portfolios using forecasts of expected covariances, made at
one-week ahead and ￿ve-weeks ahead horizons, via two nested dynamic covariance models. The
benchmark model (GARCH-DCC) estimates symmetric time-variation in variances and correla-
tions, and the alternative model (GJR-ADCC) introduces asymmetry by separately estimating
the impact of negative shocks on variances, and joint negative shocks on correlation. Since
the asymmetric model is an unrestricted version of the symmetric benchmark, out-of-sample
portfolio performance analysis creates a test of the symmetry restriction for investors.
To compute optimal portfolios we must choose expected returns to the equity assets. Past
studies have often relied on sample means, or arbitrary assumptions of equality or constancy. By
implication, tests of portfolio performance in these studies are actually joint tests of expected
risk and return forecasts. The Engle and Colacito (2004) set-up used here side-steps the problem
of forecasting expected returns by constructing and testing portfolios that span all possible
expected returns. This technique lets us quarantine the question of the relative e¢ ciency of
covariance forecasts from assumptions about expected returns, so we can compute reductions in
portfolio risk that are exclusively due to improved covariance forecasting. We test the statistical
signi￿cance of risk reductions by the method of Diebold and Mariano (1995). In addition, and
following Fleming, Kirby and Ostdiek (2001),1 we calculate the annual management fee that
an international investor would be prepared to pay to switch from the benchmark symmetric
to the asymmetric forecasting model for two di⁄erent levels of relative risk aversion.
2 Theoretical and empirical literature
Theorists have o⁄ered two related explanations for the tendency of equity volatility to rise after
a negative return shock. The leverage e⁄ect, due to Black (1976) and Christie (1982), says that
a negative stock price shock will increase a ￿rm￿ s debt to equity ratio, making the stock riskier
and therefore raising volatility. A related explanation, the volatility feedback theory, (Campbell
and Hentschel 1992, Bekaert and Wu 2000, and Wu 2001) asserts that if stock volatility is priced,
then an anticipated increase in volatility causes stock prices to rise, and returns to fall. (Under
1See Ang and Bekaert (2002) for similar measures.
2the leverage explanation a return shock leads to an increase in volatility, but under the volatility
feedback e⁄ect, an anticipated increase in volatility leads to lowers returns.) Further, when it
comes to distinguishing positive and negative returns shocks, the feedback theory relies on
persistence in volatility. Firstly a large price shock (either positive or negative) causes current
and future volatility to rise, which raises expected returns. These higher expected returns
will then work in the opposite direction to the original price shock dampening a positive price
shock, but amplifying a negative shock, thus leading to larger and more persistent increases in
volatility after bad news. Investigations of these two theories indicate that the feedback e⁄ect
is stronger and more pervasive than the leverage e⁄ect, though both e⁄ects can and do work at
the individual ￿rm level (Bekaert and Wu 2000).
The impact of such negative return shocks on individual stock price variances has been
well researched empirically for some time, but over the past decade a number of studies have
taken the question further by exploring sign sensitivity in stock correlations. Erb, Harvey and
Viskanta (1994) consider time-varying equity market correlations linked to phases of the business
cycle in di⁄erent countries, whereas Longin and Solnik (2001) investigate conditional correlation
between monthly equity market returns using extreme value theory. Both studies report rising
correlation during bear markets. Ang and Bekaert (2002) apply a regime switching model in
the context of international portfolio selection by agents with CRRA preferences and longer
time horizons, ￿nding that anticipating a change of regime from a high-mean low-volatility
regime to a low-mean high-volatility regime can improve investor utility. Das and Uppal (2004)
devise a continuous time asymmetric jump process which they clibrate to equity market data.
Patton (2004) examines related asymmetries in small and large cap equity portfolios, mimicking
the skewness and kurtosis of returns distributions using copulas. All of these studies, as well
as those which use GARCH-style empirics (Kroner and Ng 1998 and Cappiello, Engle and
Sheppard 2004, for example) ￿nd signi￿cant asymmetric e⁄ects in correlations.
3 Portfolio construction
In this study, investors use short-horizon mean-variance strategies to create portfolios from
two equity market indices and the (zero-return) risk-free asset, relying on forecasts of condi-
tional covariance from dynamic models. Portfolio holders need to contend with clustering of
volatilities, negative skewness and excess kurtosis in equity returns series. A failure to make
3allowance for these distributional features, and the related conditional asymmetries, can lead
to an underestimation of risk, and ine¢ cient asset allocation. On the face of it, mean-variance
portfolios are not ideal for equity investors, since they maximise utility only when asset returns
are elliptically distributed (Ingersoll 1987), which is clearly not the case where distributions
are skewed. However, we use mean-variance analysis on the basis that if we can demonstrate
gains in a sub-optimal model, then, as Fleming et.al. (2001) argue, more sophisticated methods
are likely to show even greater gains. Further, mean-variance modelling is a well-understood
analytic tool that maps into the portfolio performance literature, and can be simply adapted
to changing levels of risk aversion.
Engle and Colacito (2004) propose a systematic solution to the intractable problem of fore-
casting expected returns (Merton 1980). Expected return estimation errors are not only usually
large, but also ampli￿ed in the mean-variance optimisation process, causing poor out-of-sample
portfolio performance. Engle and Colacito point out that, for two-asset portfolios, optimal
weights are functions of relative returns, not of the absolute size of expected return to each
asset. Since it is the return ratio that matters, the full spectrum of relative returns between two
assets can be mapped out over the zero-one interval. We use their approach here so that we can
evaluate all possible expected returns outcomes at every forecast horizon, and therefore we can
isolate the impact of covariance forecasts from expected returns, making a cleaner measurement
of asymmetric e⁄ects.
3.1 Mean-variance framework
A single-horizon investor chooses portfolio weights wt to minimise portfolio variance subject to






t￿ = ￿o (2)







4where ￿ is a vector of expected returns and Ht is the forecasted covariance matrix of returns.
We do not impose full investment or short-sales constraints on the portfolio allocations, so any
wealth not accounted for by wt is implicitly invested in the risk-free (assumed zero return)
asset, and the weight vector may include negative values.
3.2 Expected returns
In a two-asset mean-variance portfolio we can span all relatives by choosing pairs of expected re-








; where j 2 f0;:::;10g: The resulting
values (listed in Table 1 ) range from zero to one for each asset, including a mid-point at j = 5;
where the expected return of both assets are equal. We then compute optimal portfolio weights





k=1 with forecast conditional covariance
matrices. If one conditional covariance model performs better for all eleven expected returns
relatives, we can be con￿dent that it is a better model for any return.
A single summary measure is also useful, so we work out a posterior probability for each





k=1 using sample data and the empirical Bayesian
approach set out in Engle and Colacito (2004) and Milunovich and Thorp (2005). We use these
probabilities as weights to average up the eleven realised portfolio standard deviations into a
single value. Appendix A gives a description of how the probabilities are calculated.
3.3 Portfolio performance
Portfolio performance is a guide to forecasting accuracy, since the best model of covariance will
generate the least risk. Engle and Colacito (2004) show that, for a given required rate of return
￿o, the portfolio with the smallest realised standard deviation will be the portfolio constructed
from the most accurate covariance forecast. This result holds because the covariance forecasting
model that is closest to the underlying data generating process (DGP) predicts better, and
generates portfolio weights which minimise realised risk. So if ￿￿ is the portfolio standard
deviation achieved using the true (DGP) covariance matrix, and ^ ￿ is the standard deviation







5We can infer that if the DGP features asymmetries, then a symmetric model will mean higher
portfolio risk, and an asymmetric model will mean lower realised risk.
4 Covariance speci￿cation
Implementing this dynamic portfolio plan requires one-week ahead and ￿ve-week ahead forecasts
of the bivariate conditional covariance matrix for each of the two sets of stocks held in portfolios.
We use an asymmetric adaptation of Engle￿ s (2002) dynamic conditional correlation model
(DCC), as set out in Cappiello, Engle and Sheppard (2004). Engle￿ s original symmetric DCC
model is designed to allow correlation to vary over time. When combined with two univariate
GARCH volatility models, the whole system becomes a dynamic conditional covariance model
that is positive de￿nite, stationary and parsimonious. However one limitation of the GARCH
DCC model is that it makes allowance for the magnitude, but not the sign, of past shocks to
returns. By incorporating additional terms for the sign of the past return shock, we modify the
GARCH DCC model to take into account any extra increase in variances or correlation that is
due to negative returns.
We ￿rst estimate two variance equations for each returns series. One is a standard GARCH
model, and the other includes an extra parameter for negative shocks (Glosten Jagannathan and
Runkle 1993) (GJR). This GJR indicator variable ￿lters out any past positive returns shocks,
allowing greater increases in variance after negative shocks. We also estimate two correlation
models, one a standard DCC and one where we adjust the dynamic correlation estimation by
adding an asymmetry term to capture the e⁄ect on correlation of negative return shocks in both
markets (ADCC). Combined, the GJR and ADCC generate dynamic conditional covariance
predictions that respond to the size and sign of the previous period￿ s shocks. We compare this
model with the symmetric GARCH DCC.
4.1 Model
Estimation of the conditional covariance matrix occurs in three stages. We begin by de-meaning
the returns using a vector autoregression (VAR), since it is particularly important to account
for persistence in returns during extreme events like large negative shocks (Longin and Solnik
2001).2 We then ￿t a univarite GARCH (GJR) model to the de-meaned squared residuals.
2Ang and Bekaert (2002) reject an asymmetric bivariate GARCH model of the type used here in favour of a
regime-switching representation of asymmetry, on the basis that the GARCH model fails to match the correlation
6Next we divide residuals by conditional standard deviations from the variance models and
use the standardised, zero-mean residuals to compute a dynamic correlation matrix. Finally,
the complete conditional covariance matrix is formed by combining standard deviations and
correlations. From here we can forecast ex ante conditional covariances which have both time-
varying variance and correlation.
Consider a vector of returns for two equity markets, rt = [r1t r2t]0 where the conditional
mean for each return series can be modelled as a stationary VAR process with parameter vectors
c; and ￿j
rt = c +
J X
j=1
￿jrt￿j + ut (5)
ut = Dt"t; (6)
where Dt contains conditional standard deviations on the main diagonal and zeros elsewhere, "t
are the innovations standardised by their conditional standard deviations, and ￿t￿1 represents
the information set at time t such that
"tj￿t￿1 ￿ (0;Rt): (7)
The conditional correlation matrix of the standardised innovations is Et￿1 ("t"0
t) = Rt:
We can write the conditional covariance matrix for the returns vector rt as











and since Dt is a function only of information at t ￿ 1, we can write the conditional covariance
matrix as








structure at extreme values. But the GARCH model they reject does not account for temporal patterns in the
return structure itself, simply ￿xing to the unconditional mean.













Two di⁄erent speci￿cations of conditional variances can capture the e⁄ects of volatility dynamics
and asymmetries:
1. GARCH(1,1):
hii;t = hii(1 ￿ ￿ ￿ ￿) + ￿u2
ii;t￿1 + ￿hii;t￿1 (11)
2. Asymmetric GJR(1,1,1):
hii;t = hii(1 ￿ ￿ ￿ ￿ ￿ 0:5￿) + (￿ + ￿It￿1)u2





1 j ut < 0
0 j ut > 0
:3
Notice that in both variance models, predicted volatility is a function of the previous period￿ s
variance ￿ and the impact of new return shocks ￿. These two parameters serve to produce
clustering and time-variation in volatility. The indicator function It takes the value one when
the last return shock was negative, so the parameter ￿ measures any additional increase or
decrease in conditional variance in response to the bad news. In each model, we impose variance
targeting, restricting the parameters so that the unconditional expectation of variance is equal
to the sample variance, hii, ensuring stationarity.
Next we model the conditional correlation matrix Rt following Cappiello, Engle and Shep-
pard (2004). From (5) and (6) above, you can see that the standardised residuals can be
calculated as
D￿1
t ut = "t; (13)
where the elements of D￿1
t have been derived from estimated equations for each of the for-
mulations for hii;t above. By using these standardised residuals we are able to estimate two
3Engle (2002) shows that a Bollerslev-Wooldridge (1992) covariance matrix gives consistent standard errors
for the estimates.






Qt = ￿ Q(1 ￿ ￿ ￿ ￿) + ￿"t￿1"0
t￿1 + ￿Qt￿1 (15)
2. ADCC:
Qt = ￿ Q(1 ￿ ￿ ￿ ￿) ￿ ’￿ m + ￿"t￿1"0
t￿1 + ’mt￿1m0
t￿1 + ￿Qt￿1 (16)









is a diagonal matrix with
the square root of the ith diagonal element of Qt on its ith diagonal position. The vector mt =
I ["t < 0]￿"t (where ￿ is the operator for element by element multiplication of a matrix) isolates
observations where standardised residuals are negative. Notice that Qt resembles a GJR(1,1,1)
process in the standardised volatilities. Finally, we again implement variance targeting to









Combining estimates for (10) and (14) results in a conditional covariance matrix for the
returns vector rt which can be used, along with a vector of expected returns, to predict optimal
portfolio weights t periods ahead:
Ht = DtRtDt: (17)
We estimate the benchmark GARCH-DCC and alternative GJR-ADCC model using quasi-
maximum likelihood techniques4 over the ￿rst 1546 weekly observations in the sample, then






i=1 at the one and ￿ve step horizons are combined with expected returns relatives






. At each forecasting point, we have 11 ￿ 2 =
22 separate portfolios to evaluate, corresponding to eleven expected return relatives for each
covariance model.
4See Milunovich and Thorp (2005) for a description of the estimation process.
94.2 Measuring portfolio performance
To measure the performance of the asymmetric model against the symmetric model we compare
realised portfolio risk outcomes for optimal portfolios by comparing the size of portfolio standard
deviation for each conditional covariance model and expected return relative. Portfolio realised













where i = 1;2; corresponds to the benchmark and alternative models, and k = 1;:::11 indi-
cates the expected returns relative speci￿ed for that portfolio. We test the statistical signi￿cance
of any risk reductions by the Diebold and Mariano (1995) method for distinguishing between
forecasted volatilities. The Diebold-Mariano test statistic is the estimated di⁄erence between
















Under the null hypothesis of the symmetry restriction, the expected value of vk
t is zero,
implying that asymmetry modelling does not reduce portfolio variance. We implement a GMM
procedure across all expected return relatives in applying this test, in order to avoid bias from
any expected return assumption.
From an investor￿ s perspective, the real value of asymmetric volatility modelling is the
improvement to utility functions arising from improved portfolio results. The utility function
underlying mean-variance optimisation can be approximated by the familiar quadratic form for
utility over wealth:








where W0 is initial wealth (here set to one), Rp;t+1 is the realised gross return to a portfolio at
time t+1, and ￿ measures relative risk aversion. Following Fleming et. al. (2001), we estimate
the value of asymmetry timing by computing the performance fee that the investor would be
willing to pay to switch from the symmetric to the asymmetric strategy. This performance fee
is calculated by equating expected utility ￿ U for the symmetric and asymmetric portfolios and
5At the one-step forecasting horizon this equation applies directly. For the ￿ve step horizon, the return is the
result of compounding over the ￿ve-weekly returns in the interim period.
10solving for the fee ￿; which ￿xes the equality:
T￿1 X
t=0












We report the value of ￿ fee as an annualised percentage for risk aversion of ￿ = 5; and 10:
5 Data and estimation
Data are price indices for four equity markets, the USA S&P 500, Japan NIKKEI 225, UK FTSE
All Share and Australia All Ordinaries, representing well-diversi￿ed portfolios of stocks in each
market. The indices are weekly US dollar values (unhedged) from DataStream and returns are
calculated as ri;t = 100ln(Pi;t=Pi;t￿1) for 1746 observations running from 22 October 1971 to
1 April 2005: Table 2 reports the summary statistics for each returns series. Mean returns are
highest for the Japanese market, followed by the USA, UK and Australia, whereas standard
deviations are higher for the non-US markets, possibly as a result of translating local market
returns into US dollars, which adds some currency volatility. Skewness is evident in all but the
Japanese series, and all series exhibit kurtosis, and signi￿cant non-normality.
We computed portfolios for pairs of returns series, USA-Japan, USA-UK, Japan-UK, USA-
Australia, Japan-Australia and UK-Australia, making six market pairings.
5.1 Estimation
Tables 3A and 3B report parameter estimates over each of the six equity market pairs for the
GARCH-DCC and GJR-ADCC models. GARCH parameters (￿ and ￿) are signi￿cant, but
when the asymmetric parameter ￿ is included in the GJR model, ￿ reduces noticeably. This
result demonstrates the relative importance for variances of the sign of shocks, over and above
their magnitude. The asymmetry term in the correlation estimation, ’, varies considerably
in size between market pairs, possibly indicating that asymmetric e⁄ects on correlations are
relatively less important in some markets than in others.6
6Ang and Bekaert (2002) report weaker regime e⁄ects on correlation between international stock markets than
individual market variances, and that not all correlations di⁄er between the bull and bear market regimes.
116 Empirical results
We compute optimal mean-variance portfolios using predicted conditional covariances from a
GARCH-DCC (symmetric benchmark) and a GJR-ADCC (asymmetric alternative) model for
a one-week ahead and a ￿ve-week ahead rebalancing horizon, over the last 200 observations
of our sample. At each rebalancing point, we re-compute portfolio weights using new covari-
ance forecasts and each of eleven expected return ratios, then calculate realised returns and
volatilities.
6.1 Portfolio standard deviations
Tables 4A-G report standard deviation comparisons for all of these models over the forecast
period for each of the six international equity market pairs. In each row, we set the least standard
deviation equal to 100, and then report the larger standard deviation as a proportional increase
over the smaller. The last row in each column reports the probability weighted average of the
whole column of standard deviations, where the weighting applied to each row is given by the
Bayesian probabilities associated with each return relative for that data. (These are graphed
in Figures 1A and 1B.) For example, in Table 4A, which gives the standard deviations for the
USA-Japan market pairing, the last row shows that the portfolio standard deviation for the
symmetric model was 1.53 per cent bigger than the standard deviation for portfolios computed
using the asymmetric model.
The asymmetric model has lower portfolio risk in almost all cases. On a probability-weighted
basis the asymmetric model generates less risky portfolios than the symmetric model in all but
two instances (the symmetric model does better at the one-step-ahead horizon for portfolios
including Japan and the UK, and Japan and Australia). And in most cases, the advantages of
the asymmetric model become clearer as the forecast horizon lengthens, most probably because
negative shocks have persistent e⁄ects.
The size of risk reductions arising from asymmetric modelling vary between market pairs
and forecast horizons, ranging from 0.1 per cent to 2.1 per cent. Some improvements are so
slight as to be negligible in economic terms, whereas others are more substantial. If we consider
a portfolio returning 10 per cent p.a., a 2 per cent improvement in portfolio risk corresponds to
a 20 basis point increase in risk-adjusted return. But a 0.1 per cent improvement in portfolio
risk corresponds to only a 1 basis point risk-adjusted improvement. Tables 4A-G show that at
12the longer forecasting horizon, 15 basis points is a reasonable estimate of risk-adjusted gains
to a portfolio returning 10 per cent p.a., if asymmetric conditional covariance forecasts are
employed. Gains are smaller and less consistent at the one-week rebalancing horizon.
6.2 Diebold-Mariano tests
At every portfolio rebalancing point, we calculate the realised variance according to equation














: If the symmetric and asymmetric models are equally e¢ cient, then
realised portfolio variances will be equal, and vk
t will be zero on average. We conduct a joint
test of the null hypothesis that vk
t is zero using a GMM estimate of the parameter ￿ from the
regression vt = ￿￿+￿t; where ￿ is a vector of ones and vt is a vector of eleven variance di⁄erences,






and we restrict the system to a single estimate of ￿: Table 5 reports t-tests of the null hypothesis
that ￿ = 0; using the robust Newey-West standard errors from the GMM estimation.
Diebold-Mariano tests show that asymmetric covariance modelling produces a signi￿cant
reduction in portfolio risk for every market pair at the ￿ve-steps-ahead forecasting horizon. At
the one-step ahead horizon, signi￿cant improvement is evident in three of the six market pairs,
and in the other three cases variance di⁄erences are indistinguishable from zero. All but one
of the di⁄erences are positive, indicating that portfolio variances are higher for the symmetric
than the asymmetric model.
6.3 Switching fees
Table 8 shows the di⁄erent performance fees that a risk averse investor would be willing to pay
to switch from the symmetric to the asymmetric model in forming their portfolios. These are
computed using equation (21) and portfolio returns at each rebalancing point. (The one-step-
ahead forecasts result in 200 portfolio returns, and the 5-steps-ahead, 40 portfolio returns.)
Switching gains are calculated for portfolios whose weights are based on the most probable
expected return relative for that equity market pair. For example, in the USA-Japan pair, the
most probable expected return relative occurs at ￿ = 0:7; and so switching gains are calculated
for the symmetric and asymmetric portfolios weighted over that relative.
Gains to switching to an asymmetric conditional covariance model are higher for more risk
averse investors and at the longer rebalancing horizon. (It makes sense that as risk aversion
13rises the utility value of lower portfolio risk also rises.) At lower levels of risk aversion, investors
place higher value on expected returns and less value on lower portfolio risk. At the one-step
ahead horizon, and at risk aversion of ￿ve, there are gains to switching in two out of six market
pairs, rising to four out of six for risk aversion of 10. The clearest case for switching at the short
horizon is the USA-Japan pairing, where investors would pay between 49 and 71 basis points
p.a. to use the asymmetric forecasting model. At the 5-step-ahead horizon, results clearly
favour the asymmetric model, though the size of switching fees vary across market pairs and
risk aversion, ranging from 1 to 107 basis points.
7 Conclusion
For international investors, asymmetric risk presents a di¢ cult problem. If, as research suggests,
bear markets are characterised not only by higher stock volatilities, but also by rising correlations
between markets, then the potential to diversify o⁄shore is weakened. The relevant question for
investors is how large are such asymmetric e⁄ects? This study tests the economic importance of
bad news shocks for mean-variance investors who hold equities from four major markets: USA,
Japan, UK and Australia. We compare the relative e¢ ciency for portfolio formation of risk
forecasts which include asymmetric e⁄ects against forecasts which take into account only the
size, not the sign of return shocks.
We propose a GARCH-DCC model for symmetric covariance predictions, and a GJR ADCC
model to capture asymmetries. The GARCH DCC model is a restricted version of the GJR
ADCC model, where only the size can impact on volatility and correlation. We combine ex ante
predictions from each model at one-week and ￿ve-week horizons with a spectrum of expected
returns, and compute mean-variance portfolio weights, realised portfolio returns and realised
standard deviations. We test e¢ ciency by comparing standard deviations for symmetric against
asymmetric portfolios, Diebold-Mariano tests for signi￿cant di⁄erence in portfolio variances, and
by calculating the performance or management fee that a utility maximising investor would be
prepared to pay to switch to the symmetric model.
Results favour the asymmetric risk model, particularly for less frequent rebalancing and
higher levels of risk aversion. Improvements are less obvious for the one-week forecasting horizon
and for the less risk averse. Di⁄erences are also evident between market pairings. In some
cases investors might be willing to pay as much as 107 basis points annually to use covariance
14predictions from the asymmetric model. In other cases no advantage accrued to switching
from a symmetric risk model. The variety in results across di⁄erent market pairs hints that
asymmetric e⁄ects are not uniform for all equity markets and that identifying markets which
tend to large asymmetric shocks might be useful to international investors.
Appendix A






l=1 ; from sample
data, then we drop any pair where either value is negative, leaving a subset of size d = 1;:::D:








and use these values
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by computing the value











￿ is a normalizing constant) for each pair of markets.
Probability density functions for ￿ computed from this procedure are graphed in Figure
1A and 1B, with all showing some skewness. Skewness in the distribution for the USA-Japan
distribution, for example, indicates that returns are likely to be higher for the S&P 500 (USA)
than for the NIKKEI (Japan). All of the distributions are skewed, but the e⁄ect appears to
be strongest for the pairings including Australia, demonstrating that returns were likely to be
higher in the major markets than in Australia over this sample. The maximum of these density
functions identi￿es the most probable value of ￿ and therefore that most likely expected returns
relative. But all except the most extreme values of ￿ have some probability weight in the density,
so focusing on the most likely returns ratio alone may be misleading.
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17Table 1: Pairs of expected returns 




















    
0 0.000  1.000 0 
1 0.156  0.988  0.1 
2 0.309  0.951  0.2 
3 0.454  0.891  0.3 
4 0.588  0.809  0.4 
5 0.707  0.707  0.5 
6 0.809  0.588  0.6 
7 0.891  0.454  0.7 
8 0.951  0.309  0.8 
9 0.988  0.156  0.9 
10 1.000  0.000  1 
    Table 2: Summary statistics- weekly stock index returns, annualised. 
Weekly returns from stock price indices, 22 Oct 1971 to 1 April 2005. All indices are in USD, 
unhedged. Data supplied by Datastream. 
  S&P 500  NIKKEI 225  FTSE   All Ords 
 Mean  7.67   8.59   7.18   6.88 
 Std. Dev.  15.83   21.39   20.59   21.03 
  Skewness  -0.37 0.06 -0.19 -1.66 
 Kurtosis  6.23   5.19   9.27   23.00 
 Jarque-Bera  797.93   351.13   2874.36   29904.69 
 Observations  1746   1746   1746   1746 
 
 
   
Table 3A: Parameter estimates, GARCH-DCC and GJR-ADCC models. 
Columns show estimated parameters for GARCH DCC and GJR ADCC conditional covariance models. Standard errors are in brackets. Returns were first de-meaned using a 
VAR(5). Residuals from the VAR were then used to compute univariate GARCH and GJR models for every market, and then standardised residuals were used to compute 
estimates for the DCC and ADCC models. Estimated over 1546 weekly returns, sampling 22/10/1971 – 25/5/2001. 
 
















































































































0.159  0.067 
















η  0.668            0.800 0.977 0.974 0.980 0.971
ϕ            0.038 0.004 0.001 
Table 3B: Parameter estimates, GARCH-DCC and GJR-ADCC models. 
Columns show estimated parameters for GARCH DCC and GJR ADCC conditional covariance models. Standard errors are in brackets. Returns were first de-meaned using a 
VAR(5). Residuals from the VAR were then used to compute univariate GARCH and GJR models for every market, and then standardised residuals were used to compute 
estimates for the DCC and ADCC models. Estimated over 1546 weekly returns, sampling 22/10/1971 – 25/5/2001. 
 






































































































0.159  0.137 
(0.039)  (0.064) 


















η  0.962            0.952 0.948 0.944 0.990 0.990
ϕ            0.023 0.023 0.003
 Table 4: Portfolio standard deviations 
Notes: Standard deviation of realised portfolio returns from ex ante forecasts, where the smallest 
portfolio standard deviation for each pair of expected returns is scaled to 100. Values over 100 
represent proportional increases in standard deviations. The final row is a weighted average of the 
preceding rows where weights are the relevant Bayesian probabilities reported in Figures 1A and 1B. 
 
A 
USA - Japan 
 














0 100.40  100.00 101.69 100.00
1 100.83  100.00 101.84 100.00
2 101.03  100.00 102.21 100.00
3 100.83  100.00 102.05 100.00
4 100.61  100.00 101.75 100.00
5 100.36  100.00 101.49 100.00
6 100.00  100.06 101.23 100.00
7 100.00  100.32 101.06 100.00
8 100.06  100.00 101.22 100.00
9 100.76  100.00 101.69 100.00
10 100.92  100.00  102.11 100.00


























0 100.57  100.00 102.07 100.00
1 100.31  100.00 100.83 100.00
2 100.06  100.00 100.05 100.00
3 100.00  100.01 100.26 100.00
4 100.20  100.00 100.79 100.00
5 100.52  100.00 100.99 100.00
6 100.52  100.00 100.72 100.00
7 100.15  100.00 100.25 100.00
8 100.00  100.10 100.00 100.03
9 100.00  100.09 100.04 100.00
10 100.04  100.00  100.43 100.00




















0 100.17  100.00 101.60 100.00
1 100.18  100.00 100.55 100.00
2 100.22  100.00 100.62 100.00
3 100.12  100.00 101.59 100.00
4 100.00  100.24 102.48 100.00
5 100.00  100.65 102.57 100.00
6 100.00  100.83 101.91 100.00
7 100.00  100.71 101.04 100.00
8 100.00  100.32 100.53 100.00
9 100.11  100.00 100.44 100.00
10 100.15  100.00  100.43 100.00
























0 100.88  100.00 101.27 100.00
1 101.17  100.00 103.65 100.00
2 102.00  100.00 105.27 100.00
3 102.44  100.00 104.51 100.00
4 101.84  100.00 102.55 100.00
5 101.00  100.00 101.05 100.00
6 101.05  100.00 100.96 100.00
7 101.48  100.00 101.75 100.00
8 101.34  100.00 101.95 100.00
9 101.07  100.00 101.72 100.00
10 101.05  100.00  101.85 100.00




















0 100.45  100.00 101.29 100.00
1 100.68  100.00 100.69 100.00
2 100.82  100.00 101.09 100.00
3 100.74  100.00 102.50 100.00
4 100.31  100.00 103.82 100.00
5 100.00  100.29 103.82 100.00
6 100.00  100.67 102.60 100.00
7 100.00  100.64 101.17 100.00
8 100.00  100.22 100.33 100.00
9 100.29  100.00 100.22 100.00
10 100.43  100.00  100.60 100.00


























0 100.79  100.00 100.00 101.69
1 100.75  100.00 100.83 100.00
2 100.32  100.00 102.42 100.00
3 100.00  100.16 102.11 100.00
4 100.00  100.33 100.67 100.00
5 100.00  100.13 100.00 100.34
6 100.23  100.00 100.00 100.28
7 100.41  100.00 100.28 100.00
8 100.33  100.00 100.83 100.00
9 100.08  100.00 101.22 100.00
10 100.00  100.25  101.45 100.00
   100.11  100.00  100.45 100.00
 
  
Table 5: Diebold-Mariano tests for portfolio variance equality. 
GMM estimates of coefficients and robust t-statistics for the test that difference in portfolio variances is 
jointly zero for all expected returns. An asterisk indicates rejection at the 1% (***), 5 % (**) or 10 % 
(*) level. Positive values for β indicate that portfolio variances are less under the asymmetric model.  
 







































Table 6: Monetary gain (loss) from switching to asymmetric model portfolios, % 
p.a. 
Notes: Values represent the maximum performance fee in per cent p.a. of invested wealth that an 
investor would be willing to pay to move from the symmetric to the asymmetric portfolio strategy. 
Relative risk aversion is set at λ=5, 10, and portfolio returns forecast from the most probable expected 
return relative for each market pair. (See Figures 1A and 1B). 
 
  1 step ahead forecasts  5-steps ahead forecasts 
 
  λ = 5  λ =10  λ = 5   λ = 10 
USA –Japan  0.49  0.71  0.68  1.07 
USA - UK  (0.02)  0.05  0.05  0.14 
Japan - UK  (0.02)  (0.08)  0.18  0.58 
USA - AUS  (0.27)  0.05  0.01  0.48 
Japan - AUS  0.03  0.07  (0.07)  0.46 
UK - AUS  (0.10)  (0.04)  0.10  0.18 
 Table 7: Terminal wealth gain (loss) from switching to asymmetric model 
portfolios, % increase over 20 years 
Notes: Values represent the percentage increase in terminal wealth after 20 years that an investor would 
receive from moving from the symmetric to the asymmetric portfolio strategy. Relative risk aversion is 
set at λ=5, 10, and portfolio returns forecast from the most probable expected return relative for each 
market pair. (See Figures 1A and 1B). 
 
  1 step ahead forecasts  5-steps ahead forecasts 
 
  λ = 5  λ =10  λ = 5   λ = 10 
USA –Japan  10.3  15.2  14.5  23.7 
USA - UK  -0.4  1.0  1.0  2.8 
Japan - UK  -0.4  -1.6  3.7  12.3 
USA - AUS  -5.3  1.0  0.2  10.1 
Japan - AUS  0.6  1.4  -1.4  9.6 
UK - AUS  -2.0  -0.8  2.0  3.7 
  
Figure 1: Probability density functions 
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